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\\ Abstract

This paper presents a systematic literature review of qualitative empirical studies on the au-
tomation of work published between 2000 and 2024. It addresses three central questions: (1) 
What are the key findings of qualitative research on the outcomes of automation for work and 
their contextual and organizational determinants? (2) How do these insights compare to results 
from quantitative studies? (3) What gaps and future research opportunities emerge from the 
qualitative evidence? The review analyzes 77 studies selected from an initial pool of 4,794 pub-
lications. Using inductive coding combined with theory-driven categories, it reconstructs con-
textual factors (institutional regimes, sectors, occupations), input factors (technologies, mana-
gerial strategies, labor participation, organizational routines), and automation outcomes (task 
complexity, skill requirements, workload). The findings show no universal effects of automation; 
instead, outcomes vary strongly across sectors, occupational groups, and technological designs. 
Managerial strategies, labor power and organizational routines prove are important factors that 
shape the automation of work. To analyze the interaction of these factors and explain the diver-
gent outcomes, integrating labor process theory and STS perspectives will be essential.
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1	 Introduction
Exactly how automation has affected work in recent years is the subject of controversial debate. 
The discussion is dominated by econometric studies (Acemoglu & Restrepo, 2019; Autor et al., 
2020), which have presented important findings, for instance with regard to the effects of au-
tomation on the polarization of employment (Acemoglu & Restrepo, 2022; Autor et al., 2006). At 
the same time, these studies have their limitations. They rely on simplistic indicators of auto-
mation (e.g., number of robots or investment in equipment), or avoid directly measuring tech-
nology inputs altogether and instead merely model the impact of technology on different oc-
cupations based on certain assumptions (e.g., the routine-intensity concept (Autor et al., 2003; 
Bessen, 2015)). Yet, qualitative research can overcome these boundaries. With it, we are able to 
analyze the role of the design and implementation of different technologies for work and em-
ployment case by case. In doing so, we can take into account the particularities of the respective 
organizational contexts and the actual strategies of the actors involved.

However, one disadvantage of qualitative research on automation is its fragmentation. Qualita-
tive analyses are context-specific and conducted within very different disciplinary and theoreti-
cal traditions, whose translatability is limited. This article aims to synthesize the existing results 
of qualitative research with the help of a systematic literature review, thereby creating a basis 
for drawing together diverse research results and facilitating further consolidation and develop-
ment of qualitative research on automation. We will focus on the following research questions:

1.	 What are key findings of previous research regarding the work outcomes of
automation and their determinants (context and input factors)?

2.	 How do the findings from qualitative research on automation of work differ from
quantitative analyses?

3.	 What research questions and gaps are relevant for future qualitative and quantitative
research on the automation of work?

This analysis follows the CIMO framework (Briner et al., 2009) by reconstructing the contextual 
factors of automation. It accounts for inputs or mechanisms pertaining to implementation of 
automation processes, as well as the outputs, i.e., the effects on work contents, and in particu-
lar on task complexity, skill requirements, and workload. This review’s inductive analysis of the 
texts is combined with a theory-driven perspective based on recent conceptual contributions 
(Barley, 2020; Krzywdzinski, 2022; Thompson & Laaser, 2021). In line with the usual procedure 
for standardized literature reviews, this gives an overview of the state of the debate on the one 
hand. On the other, a special focus is placed on the differences between automation technolo-
gies and the role of organizational factors (e.g., managerial strategies), which go unconsidered 
in purely quantitative studies.
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The systematic literature review is based on the analysis of 4794 publications spanning the years 
2000–2024, from which 77 relevant sources were ultimately identified in several steps. Sourc-
es were considered relevant if they explicitly addressed processes of automation—sometimes 
as the main topic, sometimes as a sub-aspect. Studies that dealt with the use of technology to 
shape and control work processes (such as the current concept of “algorithmic management” 
(Kellogg et al., 2020)), but do not address automation, were excluded.

The article is structured as follows. Section 2, following the introduction, describes the proce-
dure taken for the systematic literature review, i.e. the selection and analysis of the sources. Sec-
tion 3 provides an overview of the methods and disciplines of the sources analyzed as well as 
the empirical fields covered (countries, sectors, technologies). Section 4 contains the core of the 
analysis, namely the discussion of the relationship between contextual conditions, input factors 
and the outcomes of automation. The article ends with conclusions.

2	 Conceptual Framework, Data, and Methods
The well-known CIMO model (Briner et al., 2009) was chosen among the various other ap-
proaches available for conducting systematic literature reviews (Ilgen et al., 2005; Paul et al., 
2024) to guide the analysis. CIMO distinguishes context (population, institutional frameworks, 
etc.), inputs (major events or developments) and mechanisms, and outcomes. The review takes 
an inductive approach (i.e. open coding of the selected sources) combined with theory in order 
to operationalize context, inputs, and outcomes. It is theory-driven in that it develops the cat-
egories of analysis based on core findings from quantitative research on automation as well as 
from recent conceptual contributions in the qualitative research field.

Quantitative research (for an overview see Krzywdzinski, 2025) focuses on the effects of automa-
tion on employment, productivity, and wages. Key findings include, firstly, that the impact of au-
tomation on employment is at best ambiguous — because, although jobs do become redundant, 
the productivity of other jobs increases; the demand for these new jobs grows; and resources 
are freed up for further new activities and products (Autor, 2015). Secondly, quantitative studies 
have emphasized that the effects of automation vary according to employee groups. Indeed, a 
polarization can be observed, as middle-skill routine jobs in particular are likely candidates for 
automation, but may also avoid automation due to falling wages (Acemoglu & Restrepo, 2022; 
Autor et al., 2006). Thirdly, studies have indicated that the relationship between automation and 
employment — and wages — is mediated not just by occupation but also by country-specific in-
stitutions and the influence of labor unions (Fernández-Macías & Hurley, 2016; Frey, 2019; Mur-
phy & Oesch, 2018).
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A primary central limitation of quantitative studies, however, is the measurement of technolog-
ical change and automation. Quantitative data sets tend to only offer simplistic indicators, such 
as the number of robots or investments in equipment. Robots are only used in certain areas of 
the economy (the majority are found primarily in welding and certain assembly processes in the 
automotive and electronics industries as well as in transportation tasks in logistics), thus they 
are a rather poor indicator of automation in general (Krzywdzinski, 2021), especially with the 
automation of knowledge work on the horizon. For this reason, many econometric studies have 
switched from measuring technology or automation directly to working with model assump-
tions about the effects of automation on various occupations. The frequently used routine-in-
tensity indicator is essentially based on expert assessments of the automatability of occupa-
tions (Autor, 2013, p. 201; Autor et al., 2003). Yet, many studies have relied on the indicator too 
heavily as a direct proxy for the impact of automation on occupations (for a critical discussion 
see Barley, 2020; Pfeiffer, 2016). A second central limitation of quantitative studies is that they 
tend to neglect of the role of actors, strategies, and routines at the organizational level. Quanti-
tative studies usually use company size and sector as control variables, but otherwise assume 
the same automation logic in all companies.

Qualitative research, on the other hand, is able to overcome above-listed limitations by looking 
at specific technologies, their design, and their implementation. And it takes into account that 
actors do the choosing, designing, implementing, thereby offering a more precise examination 
of the very factors that cause so many difficulties for quantitative research. Qualitative research 
on the automation of work flourished in the 1970s and 1980s, when the focus was on the wave of 
factory automation (Braverman, 1974; Jürgens et al., 1993; Kern & Schumann, 1987; Noble, 1984) 
and on the first approaches to computerization and automation in white-collar areas (Attewell, 
1987; Kraft, 1979). At that time, issues such as deskilling or upskilling, the facilitation or intensi-
fication of work through automation were the subject of heated debate. The debate subsided in 
the 1990s and 2000s, only to flare up again in the 2010s with the new wave of digitalization and 
concepts such as Industry 4.0 (Krzywdzinski, 2021). This analysis focuses on these most recent 
studies from the years 2000–2024.

When selecting relevant categories pertinent for a literature review, two central strands of the-
ory are particularly useful. In the context of Labor Process Theory, managerial strategies and 
labor-management power relations have been highlighted as particularly relevant factors for 
the course and outcomes of automation (see the contributions in Knights & Willmott, 1990). 
As Thompson and Laaser (2021) have argued, these are embedded in specific accumulation re-
gimes and modes of regulation that influence the business models of companies and the asso-
ciated choice of technologies. Approaches in the tradition of Science and Technology Studies, 
by contrast, take a slightly different path. Barley (2020) has characterized them as a “role-based 
approach” (p. 63), which focuses on the particularities of technologies and on organizational ro-
les and routines that exist in the workplace prior to automation. These approaches examine how 
organizational actors respond to the new technologies through their interactions and renego-
tiation of their roles. These roles and routines often have both a formal and an informal side, 
whereby the latter can differ significantly from the former.
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For a review of qualitative literature on the automation of work, it is advisable to include both 
strands, Labor Process Theory and STS, and to focus on the following four central input factors, 
which directly influence the outcomes of automation:

	ӿ Technologies, as it is a particular strength of qualitative research to address differences 
in the design and implementation of different automation technologies.

	ӿ Labor participation, as power relations between labor and management, and in partic-
ular the role of employee representatives in automation processes, is a core second-or-
der factor in Thompson and Laaser (2021) and a core influencing factor on labor-use 
strategies in Krzywdzinski (2022).

	ӿ Managerial strategies, as Krzywdzinski (2022) and Thompson and Laaser (2021) see the 
goals, strategies, and organizational resources of management as having a significant 
influence on the design and implementation of technologies.

	ӿ Organizational roles and routines, as Barley (2020) points out that the implementation 
of technologies and automation is influenced not only by the power relations between 
labor and capital but crucially also by organizational routines and the renegotiation of 
roles of many actors in the work process.

In addition to these four factors encompassing the implementation and mechanisms, the fol-
lowing analysis considers countries, sectors, and occupations as the main context factors.

The final important point is the selection of the relevant work-related outcomes of the auto-
mation to be investigated. The literature analyzed here contains a variety of concepts such as 
employment, task complexity, skill requirements, workload, job autonomy, and job discretion. A 
decision was made to omit the analysis of employment outcomes, as the manner in which this 
is dealt with by the quantitative literature is highly differentiated, and the new insights to be ex-
pected from qualitative research quite limited. The concepts selected for analysis were those ac-
counted for by the majority of the identified studies. They also tended to be closely related: task 
complexity (discussed in 86% of identified studies), skills (70%), and workload (39%). These con-
cepts address three different aspects of the transformation of work content through automation.

The literature review was based on records in Web of Science and Scopus as two major data-
bases. After discussions with experts in the field, a selection of keywords—in addition to auto-
mation, including related terms (digitalization, computerization, robotization, AI, algorithmic 
management) –zeroed in on the focus of current debates. These are the most likely to be used in 
articles that examine automation. The following keywords were selected to identify the records:

	ӿ automation OR digitalization (digitalisation) OR robotization (robotisation) OR comput-
erization (computerisation) OR robots OR Industry 4.0 OR Fourth Industrial OR artificial 
intelligence OR algorithmic management AND ….

	ӿ work OR labor (labour) AND …

	ӿ qualitative methods OR qualitative research OR ethnography OR case study
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English-language journal articles from 2000–2024 were selected and only publications in the 
broad field of social sciences (business and management studies, behavioral sciences, sociol-
ogy, political science and public administration, development studies, psychology, communi-
cation, social work, arts and humanities, cultural studies, anthropology, philosophy) were con-
sidered. The decision to concentrate the review on journal articles was deliberate, because a 
relatively robust quality assurance process can be assumed for scholarly literature. The author 
is aware that a considerable part of the research is published as working or discussion papers 
or related forms of publication. However, even with the focus on journal articles only, the search 
already yielded a large number of hits and led to the decision not to expand the search further.

As Figure 1 shows, the keywords and selection criteria used led to a total of 4794 journal article 
entries in Web of Science and Scopus, of which 886 were excluded before screening. The cen-
tral exclusion criterion at this point was the publication type; editorials, book reviews and other 
forms of journal articles that did not represent original research were excluded.

A subset of 3908 articles were selected for the second step of the screening, in which the au-
thor checked the title and abstract with regard to how well each fit to the research question of 
the literature review. After screening, 3602 articles were excluded because they did not fit well 
enough to the question. This was mainly because they did not deal with the topic of automation 
of work or were not based on qualitative research designs and methods. The original keywords 
were kept intentionally broad in order to include papers that dealt with automation but did not 
explicitly mention the term in the abstract or title. At the same time, this unsurprisingly meant 
that pieces on issues of digitalization, control and optimization, or digital communication with-
out addressing automation had to be excluded during the screening phase. Papers that exam-
ined automation processes were also excluded if they were (a) purely technical papers that test-
ed the designs, functionality, or efficiency of the technology, or (b) purely experimental studies 
in the laboratory that abstracted from the questions of context and effects in real life that are 
central to this literature review.

Then, 306 articles were selected for full text analysis. Of these, 229 were excluded after reading 
the full text because (a) despite promising abstracts, they did not offer an analysis of automation 
processes; (b) they were not qualitative empirical research but, for example, essays, literature 
reviews, normative texts, or quantitative analyses of case studies; or (c) in single cases only the 
abstract had been translated to English but not the full text. Under (a), studies were excluded 
that dealt with expectations (e.g., of certain professional groups) with regard to the future effects 
of automation, but did not analyze actual processes or strategies of automation. A large number 
of studies that dealt with algorithmic management on online platforms were also categorized 
and excluded under (a). This is a big and separate strand of literature that focuses on automated 
control of platforms workers and its impacts on workload and stress, autonomy and skills, work 
behavior and fairness perceptions. As the work process itself is not automated (e.g., in the case 
of ridesharing or delivery), however, such algorithmic-management papers were excluded. All 
papers included in the analysis are cited in the references list and marked with an *.
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Figure 1: Process of systematic literature review

The analysis process took place in several stages. In the first stage, the categories presented 
in section 2 were used to mark and briefly summarize passages in the analyzed texts in which 
statements relating to the respective categories were found. In addition, information on disci-
pline, research, field and methods were also coded.

In the second step, the extracted categories were analyzed and a simplified measurement was 
developed to enable a tabular presentation in this article. For the output factors (task complexi-
ty, skill requirements, and workload), a simplified classification of the effects of automation was 
carried out based on the text excerpts according to a three-level scale: (a) no change or mixed 
outcomes, (b) reduction, (c) increase. This required a considerable simplification, as qualitative 
analyses often have very differentiated results. For example, if automation processes led to an 
increase in skill requirements for the majority of employees, an “increase” was coded, even if 
there was a small group that experienced a deskilling.
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3	 Disciplines, Journals, and Research Topics
The qualitative research literature on the automation of work revealed some characteristics 
worth highlighting. One major characteristic was its fragmentation. It spread across many dis-
ciplines, some of which generally make little reference to each other. The most important fields 
of qualitative research on the automation of work proved to be information systems/human 
factors and management and organization studies with 20 publications each. Sociological jour-
nals followed in third place with 19 publications. A further 18 publications spread out across a 
variety of other disciplines, from geography and political science to legal studies.

With regard to research methods, almost all studies combined interviews with the analysis of 
documents and often also observations in companies. On an abstract level, four research ap-
proaches can be distinguished (Table 1).

	ӿ The most frequently used approach can be characterized as in-depth case studies. 
There was a total of 36 such studies in the sample. In this approach, a small number (on 
average two) of company cases were examined in depth. On average, 17 interviews were 
conducted per case and supplemented by document analyses or observations.

	ӿ The second most common approach (27 studies) can be called short case studies. In this 
case, a medium number of cases (on average eight) were combined with a limited num-
ber of interviews per case (on average three). 

	ӿ There were 12 ethnographies. These represented the most intensive form of data col-
lection (on average 39 interviews that complemented longer field observation phases). 
The ethnographies often combined observations from a few (on average three) organi-
zations.

	ӿ Two cases represent a historical case study that used archival sources.

Table 1: Methodological approaches in qualitative research on the automation of work, 2000–2024

Approach No of studies

No of  
interviews*:
Average  
(min-max)

No of cases: 
Average  
(min-max)

Interviews per 
case: Average

In-depth case studies 36 32 (10 – 100) 2 (1 – 5) 17

Short case studies 27 27 (4 – 59) 8 (1 – 25) 3

Ethnographies 12 37 (14 – 64) 3 (1 – 21) 12

Historical case studies 2 – 2 –

Note: �* Nearly all studies analyzed combined interviews with analysis of documents and often workplace observations. 
In particular, ethnographic studies relied mainly on (participant) observation and field notes and used interviews as 
supplementary evidence.
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The geographical distribution of the articles reflects the focus on English-language journal ar-
ticles. Twenty-two studies originate from liberal market economies, with the United Kingdom 
in particular taking center stage with 12 studies. A second focus is Scandinavian countries, from 
which alone 25 studies originate. Sixteen come from Central European countries, primarily 
Germany and the Netherlands. In Southern Europe, Italy is a particular focus. Qualitative stud-
ies on developments in non-European countries are rare. Despite the enormous technological 
dynamism in Asia, only three studies could be identified with a focus on India, three with a focus 
on China and five with a focus on other Asian countries. There must certainly also be qualitative 
research on the automation of work in Asia, Africa, or South America, but it rarely finds its way 
into English-language journals.

In terms of sectors, it is not surprising that manufacturing played an important role (21 studies). 
Remarkably, however, the majority of studies dealt with white-collar sectors: finance, health and 
care, various professional services, public service and retail. Forty-eight of the 77 studies (62%) 
examined work processes in white-collar sectors; 32 (42%) analyzed blue-collar work processes.

If we take a closer look at occupational groups, there was a strong focus on professionals (ISCO 
2) on the one hand with 35 studies, and on the other hand on operators and assemblers (ISCO 8) 
with 29 studies. Automation with a focus on service and sales workers (ISCO 5) were examined 
by eight studies, clerical support workers (ISCO 4) by five studies, technicians (ISCO 3) by two 
and laborers (ISCO 9) also by two.

With regard to the technologies examined, sectoral clusters can be identified, too, which are 
taken up in the subsequent analysis (Table 2). Not surprisingly, the 32 studies of manufactur-
ing automation in general, robots (including cobots and automated guided vehicles (AGVs)) and 
process management systems (resource management systems, warehouse management sys-
tems, systems controlling transportation units) largely focused on the manufacturing sector 
and logistics. One exception was the health sector, where automated guided vehicles (AGVs) are 
also used and studied. Another large cluster was studies on robotic process automation (RPA), 
which focus primarily on the finance sector, professional services and public services. Stud-
ies on AI-based analytics and decision support systems dealt with various sectors, but focused 
particularly on finance and professional services. Smaller clusters were made up by studies on 
generative AI in the area of professional services and customer-based automation (self-check-
out, self-payment systems) in retail.
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Table 2: Qualitative studies of the automation of work by technology and sector, 2000–2024
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Manufacturing  

automation (general)
1 – – 2 11 – – – 14

Robots and cobots – – 3 2 4 – – – 9

Process management 

systems
– – – 4 4 1 – – 9

Scheduling and planning 

systems
– – – 1 1 – 3 – 5

Robotic process  

automation
– 5 – 1 1 3 6 – 16

AI-based analytics and 

decision support systems
1 4 2 – 1 6 – 2 16

Generative AI – – – – – 3 – – 3

Information provision 

systems
– – – – 1 – – 1 2

Customer-based  

automation
– 1 – – – – 1 3 5

Total* 2 10 5 10 23 13 10 6 79

Note: * Two studies include several sectors and/or technologies.
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4	 Contexts, Inputs, and Outcomes
Let us begin the presentation with overarching findings, based on the overview in Table 3. A first 
key finding is that no clear correlation arose between automation and task complexity, skills 
and workload; rather, what mattered was contextual factors and/or specific technology or im-
plementation process-related factors.

4.1	 Context factors

The context factors will only be briefly discussed here, as the focus of the analysis is on the input 
factors (technologies, managerial strategies, labor relations, organizational routines). The anal-
ysis of the role of countries as the first context variable is limited by the bias of English-language 
journals, which mainly contain research on automation of work in Europe. The only region that 
stands out here is Northern Europe, where the findings of upskilling (but also increasing work-
load) through automation were particularly pronounced.

The second contextual factor is sectors. Patterns in task complexity and skills did become quite 
clear. With regard to task complexity, four groups can be distinguished: sectors with increasing 
task complexity due to automation (finance and professional services), health as a sector without 
clear changes, sectors with decreasing task complexity (logistics, retail) and sectors with contra-
dictory findings (manufacturing, public service). Similar patterns can be seen in the relationship 
between automation and skills. Some sectors’ skill requirements tended to be increasing (fi-
nance, professional services); studies in the health sector showed no change; and a mixed group 
of sectors revealed contradictory findings (manufacturing, public service, logistics, retail).

The third context variable is occupations. In the case of professionals, the top group in the occupa-
tional hierarchy, the tendency was clear that automation has so far led to greater task complexity, 
upskilling, and a rather increasing workload (although the findings here are somewhat contra-
dictory). In the case of blue-collar operators and assemblers, the trend also remained towards 
upskilling, although the developments proved contradictory in terms of task complexity and 
workload. In the case of clerical support workers and service and sales workers, the lower mid-
dle-class occupations, it is striking that a tendency towards lower task complexity and deskilling 
dominated. These lower-middle classes seem to be the losers of automation processes.
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Table 4: Contextual factors, input factors, and outcomes

Task complexity Skills Workload

= - + = - + = - +

Total 24 16 24 15 10 26 6 10 13

Context

(i) Country groups

› LME 6 3 7 7 2 3 2 1 1

› NE 9 2 7 2 0 9 2 3 6

› CE 3 4 4 4 3 5 1 2 3

› SE 3 3 7 1 3 7 0 2 3

› AS 4 3 1 2 1 2 1 2 0

› AN 0 1 0 0 1 0 0 0 0

(ii) Sectors

› Agriculture 0 0 0 1 0 0 0 0 0

› Finance 2 2 6 1 2 4 2 3 0

› Health 4 0 1 4 0 1 0 1 2

› Logistics 0 5 2 0 2 3 0 1 2

› Manufacturing 7 5 8 4 5 9 2 2 4

› Professional services 7 0 3 3 0 7 1 0 1

› Public services 2 2 3 0 1 1 0 2 3

› Retail 2 3 1 2 1 1 1 1 2

(iii) Occupations

› Professionals 14 2 12 6 0 13 3 4 7

› Technicians 1 0 1 1 1 0 0 0 0

› Clerical support 1 3 1 1 3 1 0 2 0

› Service and sales 2 3 2 2 1 1 1 2 2

› �Operators,  

assemblers
5 8 7 4 4 11 2 2 4

› Laborers 1 0 1 1 1 0 0 0 0
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Inputs

(i) Technology

› Manufacturing aut. 1 2 5 1 1 7 0 1 3

› Robots 5 2 1 3 2 3 1 0 1

› Process man. systems 1 2 3 1 1 2 0 1 2

› Scheduling systems 2 1 2 0 2 0 0 2 1

› RPA 4 1 8 0 1 6 2 3 2

› AI-based DSS 6 4 5 6 2 5 1 2 2

› Generative AI 1 0 1 0 0 3 0 0 0

› �Information  

provision
1 1 0 2 0 0 2 0 0

› �Customer-based 

automation
2 2 1 2 1 1 0 1 3

(ii) �Participation  
of workers

› Mentioned 11 0 10 7 1 8 1 5 2

› Not mentioned 13 16 14 8 9 18 5 5 11

Note: �= remains the same or shows mixed developments, - is reduced, + is increased. As some studies deal with several sectors, 
several countries or several technologies, the sum of individual cells might be higher than the numbers indicated in “total.”

4.2	 Technology

Technology is first among the core input factors expected to shape the impact of automation 
on work. The central question here is whether qualitative research reveals differences between 
different technologies in terms of their impact on work.

We can make two observations here. Firstly, only a small group of technologies has so far had a 
relatively clear impact on work. In particular, this has been RPA — a technology used to automate 
data processing tasks. Studies on RPA predominantly have revealed employment to be decreas-
ing at a time of increasing task complexity and skill requirements for the remaining workforce 
(Alshallaqi, 2024; Bernhard & Wihlborg, 2022; Gustafsson et al., 2024; Jain & Srinivasan, 2022; 
Klimkeit & Reihlen, 2022; Kokina et al., 2021; Kortesalmi et al., 2023). RPA automates repetitive 
tasks and leads to the upgrading of work. However, Klimkeit and Reihlen (2022) have shown 
in an interesting study on shared service centers in Asia and Eastern Europe how important 
management strategies are—we will discuss this point in-depth later. Faced with the threat of 
job losses due to RPA, the service centers’ management began to look for more complex orders 
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and train employees accordingly. Without these efforts “to move up the value chain,” many jobs 
would have been lost. The effects of RPA on workload thus seem to be contradictory (Waizeneg-
ger & Techatassanasoontorn, 2022), which is also largely related to managerial strategies and 
organizational routines.

What other technologies mean for the world of work is less clear. Starting with automation tech-
nologies in manufacturing, there was a difference between studies that considered manufac-
turing automation as a larger complex, i.e., the reorganization of larger processes through net-
worked systems of new machines (Achtenhagen & Achtenhagen, 2019; Antonazzo et al., 2024; 
Cagliano et al., 2019; Hearn et al., 2023; Margherita & Braccini, 2024; Parschau & Hauge, 2020), 
and studies that examined the use of robots at individual workplaces. Studies that analyzed man-
ufacturing automation as a reorganization of larger process areas tended to show task complex-
ity on the rise and skill requirements growing due to greater complexity of the overall processes, 
but at the cost of increasing workload (Cagliano et al., 2019; Kadir & Broberg, 2020). Opposing 
developments can be seen when the focus was on standardization of tasks in the context of lean 
production systems (Bortolotti et al., 2023; Cirillo et al., 2021). Even stronger, however, was the 
trend towards decreasing task complexity in studies that analyzed the use of robots at individual 
workplaces (Berkers et al., 2023; Dornelles et al., 2023); while developments in skills were also 
contradictory (Cheon et al., 2022; Gekara & Thanh Nguyen, 2018; Moloney et al., 2024).

In the case of AI-based DSS, the findings on task complexity, skills, and workload varied great-
ly, which indicates that the design and actors’ strategies regarding the use of the technology 
are crucial (Andreassen, 2020; Armour et al., 2020; Bisht et al., 2023; Borch & Hee Min, 2022; 
Einola & Khoreva, 2023; Gutierrez Lopez et al., 2022; Linden, 2016;Lombi & Rossero, 2024). The 
studies by Monod and his colleagues reported rather negative effects on employees (Monod et 
al., 2023, 2024), because management had used the AI systems not to support employees in de-
cision-making and communication with customers, but for automated control and direction 
(see also Carreri et al., 2023). However, other studies on AI-based DSS found increasing task 
complexity and even job discretion (Cimini et al., 2021; Lundh & W. Rydstedt, 2016; Margherita & 
Braccini, 2024; Porter & Van Den Hooff, 2020). In some high-skill occupations, the implementa-
tion of AI tools has been driven by the employees themselves (Bodea et al., 2024). Applications 
for generative AI have so far only been studied in a few contexts, such as use by artists (Erickson, 
2024) or consulting (Kronblad et al., 2024). So far, upskilling seems to dominate, but the number 
of qualitative studies conducted in this vein remains very small.

A special form of automation is customer-based automation, e.g., self-checkout systems in re-
tail, which was mentioned in a few studies on public administration (i.e., application platforms 
for certain social benefits or services where citizens are responsible to collect and input in-
formation, which in the past was collected by case workers). Here, too, only a few studies were 
available, which also came to contradictory findings with regard to the effects of automation on 
task complexity and skills (Arkenback-Sundström, 2021; Das & Chaudhuri, 2020; Manzo et al., 
2024). It is noteworthy that existing studies indicated that customer-based automation might 
actually increase the workload of employees. Pors and Schou (2021) explained this phenome-
non in their study of the Danish public administration: When people themselves entered their 
own information, this automation reduced the time required by case workers to communicate 
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with their clients, but allowed management to increase the number of cases for workers to pro-
cess. In a study from the retail sector, Moulaï et al. (2022) reported that sales staff perceive the 
self-checkout systems as competition and have been increasing their working speed (see Mo-
rais & Rodrigues, 2023, however, for a study that emphasized workload reduction). These con-
tradictory findings also point to the importance of management strategies.

4.3	 Labor participation

Participation takes various forms. A number of studies described processes of direct worker in-
volvement by helping to identify use cases and application fields for automation, testing tech-
nologies, and participating in implementation (Ågnes, 2022; Becker & Hoyer, 2024; Cheon et al., 
2022; Grønsund & Aanestad, 2020; Kadir & Broberg, 2020; Margherita & Braccini, 2021; Ranerup 
& Svensson, 2023; Van Den Broek et al., 2022; Van Hoek et al., 2022). Studies that zeroed in on 
workers who had participated in the implementation of automation projects consistently report 
fewer job losses and a more positive development of task complexity and skills. It is noteworthy 
that, in these studies, the increase in skill requirements and task complexity was accompanied 
by an increase in workload far less often, which suggests that worker participation is particu-
larly important for designing the new performance norms appropriately. It is also striking that 
studies with labor participation almost never report a decrease in job discretion.

Only two of the studies evaluated in this analysis examine the integration of labor representa-
tives in automation processes (Doellgast et al., 2023; Lloyd & Payne, 2021). Doellgast et al. (2023) 
compared the telecommunications industry in Norway and Germany, two cases of successful 
regulation of automation processes by trade unions. They showed that this regulation was based 
on different power resources: strong institutional participation rights in Germany and strong 
associational power in Norway. Lloyd and Payne (2021) compared trade union influence on the 
implementation of AGVs in hospitals in Norway and Scotland. They emphasized the similari-
ties, which they attributed to the sectoral context, which overlaps country-specific differences. 
As hospitals belong to the public sector, trade unions were able to translate their associational 
power into political power and thus work towards union involvement in technology implemen-
tation. The work outcomes nevertheless showed certain country differences with a stronger up-
skilling dynamic in Norway.

Vereycken et al. (2024) used three case studies to develop a systematic concept for the gradual 
narrowing of strategic choices that occurs in the process of initiating, designing, selecting, and 
implementing automation projects by management. They too focused on labor participation. 
The decisive factor was which actors were involved in the process from the definition of goals, 
through the design and selection of technologies to their deployment. Labor participation was 
strongest when it started very early in the process.
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4.4	 Managerial strategies

Managerial strategies are the third core input factor. It should be noted that only a limited num-
ber of studies really addressed the development and formulation of management strategies in 
the context of automation processes: i.e., how decision-making processes take place in compa-
nies regarding what can be automated; which specific automation solutions are suitable; and 
how automation is implemented. Since this is the area with the greatest research gap, the find-
ings of the few existing studies will be examined in more detail below in order to lay the founda-
tion for future research.

We can distinguish between two different perspectives in the studies. The first perspective ex-
amines how different management decisions affect work with regard to the design of automa-
tion solutions. The following four dimensions of management decisions can be identified in the 
literature examined in this paper:

a.	 Automation of isolated tasks or reengineering of entire processes: In the case study of 
a multinational energy company, Amaya and Holweg (2024) examined automation 
processes in four business divisions where various applications of robotic process au-
tomation and more complex AI-based decision support systems had been introduced. 
According to Amaya and Holweg, the success of automation and its effects were linked 
to the strategy chosen by management: Where management relied on the automation 
of specific tasks, efficiency gains were limited, because some tasks proved to be not 
standardized enough. Furthermore, employees saw their jobs threatened by the sub-
stitution of these tasks and resisted technology implementation. By contrast, where 
management undertook automation as an element of a comprehensive reengineering 
of processes, the effort was much greater, but the projects had a bigger impact. In these 
processes, employees’ tasks and roles were redesigned. This allowed more tasks to be 
standardized and automated, while at the same time the involvement of employees in 
the redesign of their roles ensured a higher acceptance of automation. Cagliano et al. 
(2019) examined the automation of manufacturing processes in 19 companies in Italy; 
they came to similar conclusions. The study revealed significantly different effects be-
tween companies that automated individual workstations and those that implemented 
comprehensive smart factory concepts. The automation of individual workstations 
usually resulted in “residual” manual activities with limited autonomy and low skill 
requirements remaining for the human workforce. By contrast, where comprehen-
sive smart factory approaches were used, a fundamental reorganization of production 
control relied on data analysis, which in turn made it necessary to equip workers on the 
shop floor with data analysis skills. Although automation also led to a certain reduction 
in employment here, the remaining jobs tended to be upgraded.

b.	 Pure focus on efficiency or balance of efficiency and quality of work: While the vast ma-
jority of the studies examined in this literature review described the goal of automation 
to be efficiency, Berkers et al. (2023) argued in their study of the use of robots in eight 
warehouses that the impact on labor depended on whether management had pure ef-
ficiency goals or whether the increase in job quality was also considered when planning 
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automation. Job quality goals can emerge as a response to labor shortages or ergonomic 
process problems, for example, or due to the influence of labor power. In the Berkers et 
al. (2023) study, pure efficiency goals led to simplification and intensification of work, 
while in cases in which job quality goals were taken into account upskilling prevailed.

c.	 Technology as competitor or collaborator of human workers: Two studies used the intro-
duction of robots to show two different approaches to designing the machine-human 
relation. Barker and Jewitt (2022) examined the use of robots in a waste sorting facility 
and glass manufacturing plant. In the glass company, the robot was used as a collab-
orator for humans to perform so-called “swabbing” tasks (brushing oil onto machines 
that mold molten glass into bottles). It worked alongside the human workers to reduce 
the amount of time the humans were exposed to the heat in this workplace, giving the 
workers more time to focus on planning and maintaining the machines. In the other 
case, the waste-sorting robot was deployed as a competitor and benchmark against 
which the human workers’ productivity was ultimately measured. Its use led to work 
intensification and stress. Dornelles et al. (2023) have argued that a mere “coexistence” 
between humans and cobots tends to have negative effects on skills, while upskilling 
prevails in collaborative settings of humans and robots.

d.	 Participative or top-down introduction of technologies: Based on the analysis of the in-
troduction of robotic process automation in three Swedish municipalities, Gustafsson 
et al. (2024) emphasized the importance of management decisions in the processes of 
introducing new technologies. In municipalities with a gradual and participatory intro-
duction of RPA, the administrators took the concerns of the case workers seriously with 
regard to the provision of information, safeguarding human decision-making scope 
as well as ethical concerns. In the municipality where the introduction was abrupt and 
top-down, automation led to the resignation of many case workers, who felt that their 
professional and ethical standards were no longer guaranteed.

These four dimensions provide an initial framework for analyzing the relationship between 
managerial strategies and automation processes, which has to be validated and systematized in 
future research. The dimensions leave open the question of what drives management decisions 
themselves. Certainly, the contextual factors of institutional regimes and sectoral routines and 
standards analyzed above play an important role here. In the literature examined above, Verey-
cken et al. (2024) in particular emphasized, with reference to Thompson and Laaser (2021), the 
importance of first- and second-order choices of organizational path dependencies, which are 
reinforced by institutional and sectoral context factors and ultimately lead to an alignment of 
companies’ automation strategies. Individual studies have indicated that automation processes 
are linked to other processes of technological change. For example, Schaupp (2022) has argued 
that datafication and the introduction of algorithmic management is often a precursor to auto-
mation. In addition, the following further contextual factors that influence management strat-
egies can be identified in the literature examined:



#55 Automation and Work through a Qualitative Lens \ 21

a.	 Power relations: In his historical study, Hanley (2014) worked out that automation 
processes at General Electric were characterized by management goals of weakening 
or preventing union organization in the white-collar sector and the goal of strength-
ening management control of work processes. In an interesting analysis of the use of 
AI-based customer-relations assistants in sales processes, Monod et al. (2024) showed 
how the use of technology has changed due to management power interests. The tool 
was originally planned as support for sales persons. However, in the course of its use, 
managers learned to use the information the tool generated about work processes to 
strengthen control over work performance and automate sub-processes, which then 
led to dissatisfaction and resistance from workers. The role of historically grown power 
relations has also been emphasized by Vereycken et al. (2024). These power relations 
influence how early in the automation process labor gets involved and therefore have a 
significant impact on outcomes.

b.	 Conceptions of skills: In an analysis of the use of AI and robotics on farms in New Zea-
land, Legun et al. (2022) found that farmers’ automation strategies were significantly 
influenced by the extent to which they considered embodied expertise, as opposed 
to technical expertise, to be important for work on the farm. Farmers promoted au-
tomation where embodied expertise was considered less relevant. Krzywdzinski and 
Jo (2022) have pointed out the importance of managerial conceptions of skills in a 
comparison between a German and a Korean automotive company. The automation 
strategies of the German company were influenced by relatively low status differences 
between skilled workers and engineers. In the Korean company, by contrast, planning 
and control tasks were primarily assigned to engineers and considerable status differ-
ences existed between engineers and blue-collar workers, which led to the concept of 
engineering-led automation.

c.	 Organizational capabilities: By comparing different small and medium-sized firms in 
Ohio, Waldman-Brown et al. (2020) have worked out how strongly automation strategies 
depend on the capabilities of firms. For smaller companies, extensive automation proj-
ects are hardly feasible for both financial and management reasons. In addition, these 
firms generally do not have expert staff, which means that the implementation of auto-
mation depends on the cooperation of skilled workers. For this reason, the firms studied 
by Waldman-Brown et al. relied on gradual automation, which complemented rather 
than substituted labor and did not challenge the social relations in the firm. A similar 
argument has been made by Snell and Gekara (2023) who emphasized that firms organi-
zational and financial resources often limit the adoption of automation technologies.

4.5	 Organizational routines and roles

The fourth core input factor organizational roles and practices that have evolved historically 
and their renegotiation in the context of automation processes. An important argument is that 
organizations always have a formal and an informal side. Lammi (2021) has argued that organi-
zational structures are always only relatively loosely coupled with organizational practices and 
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that organizational practices are shaped by informally evolved patterns. He analyzed the intro-
duction of a scheduling system in a Swedish insurance company and showed how the attempt 
to automatically control and individually assign tasks failed, because the management had ig-
nored routines that had grown organically. Before the new scheduling system, the insurance 
workers had had informal ways to deviate from the assigned tasks when needed: If someone 
was absent, or if someone needed help from a co-worker, employees could easily share their 
files and tasks. The newly introduced automated system made this cooperation more difficult 
by assigning fixed tasks and restricting access to the respective files. This quickly led to dys-
functionalities and productivity losses, which resulted in management changing the system 
again, assigning tasks to entire teams who could manually decide on individual assignment and 
access to tasks. The desired automatic managerial control of individual performance had thus 
failed due to the informal organizational routines. A similar direction is revealed in studies by 
Lindgren et al. (2021, 2024), which dealt with the introduction of RPA in Swedish municipalities.

Organizational routines are often linked to historically evolved understanding of workers’ roles, 
which also influences the course of automation processes. In an analysis of the failure of the 
introduction of RPA for performing cost calculations in a Finnish machine building company, 
Korhonen et al. (2020) emphasized the importance of how expertise is linked to one’s under-
standing of their role. In this case, the engineers had previously done the price research and 
calculation themselves for each quotation—a task to be taken over by an RPA tool. However, the 
engineers did not trust the tool, because they saw price calculation as a complex process that re-
quired their own expert knowledge. They used the old and new procedures in parallel and were 
quickly able to show that the tool did not always use up-to-date prices because these were not 
always available in the relevant databases. As a result, the engineers simply gradually stopped 
using the tool in practice (see Viktorelius et al. (2021) for a similar case focusing on the introduc-
tion of an automatic speed control system on ferries). The study by Pors and Schou (2021), which 
examined the use of scheduling systems and RPA in the Danish public administration, used the 
concept of moral economy to examine how the role of public case workers shifted through auto-
mation. As many case decisions were automated, with citizens themselves becoming responsi-
ble for providing and entering much of the data, the case workers developed a new understand-
ing of their role as “moral mediators”, helping citizens to enter their concerns correctly into the 
automated systems, thereby upholding their own professional and ethical standards.

Automation can, however, create competition about occupational jurisdiction (Abbott, 1988). 
Andreassen (2020) used this concept to analyze the use of RPA and AI-based analysis and de-
cision support systems in a Nordic insurance company. This development led to an increasing 
takeover of business analytics tasks by the managers themselves, thereby reducing the demand 
for management accountants. The latter responded by trying to use their analysis skills to take 
on tasks in areas such as customer relations or HR. This led to competition between the em-
ployee groups, and, ultimately, management accountants could not compete with the domain 
knowledge of workers in customer relations and HR.
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Interestingly, STS studies are the only ones to also analyze failures of automation, a topic largely 
neglected in other disciplinary and theoretical approaches—and extremely important for fu-
ture research. We can refer to this as unintended consequences of automation. Papagiannidis 
et al. (2023) have argued that problems and shortcomings of automation solutions often only 
become apparent during or even after the implementation process. The authors examined a 
Norwegian energy company that automated its energy trading division through the use of an 
AI-based trading tool. The immediate effect was a reduction in the tasks and skill requirements 
of human energy traders, as it was assumed that the technology could act largely autonomous-
ly. The unintended consequences, however, were an increase in workload for human traders 
and conflicts in the organization. The technology proved to be unreliable, which meant that the 
traders had to invest a lot of time in correcting its mistakes (see also Balfe et al., 2012, 2018). 
This led to conflicts over accountability for the productivity problems and to a reintroduction 
of stronger human control and intensive training programs for the traders. Shestakofsky (2017) 
presented an interesting case study of a software company that came to recognize the limita-
tions of its original automation plans and ultimately relied on extensive use of human labor to 
complement automated systems in a number of business processes. Lei (2022) illustrated the 
contrast between Chinese government policy, which aims to promote the adoption of advanced 
automation technologies, and the frustrating experiences of smaller and medium companies in 
China actually trying to implement these technologies.

5	 Conclusions
A major contribution of this study (and answer to research question 1) has been the mapping of 
relevant context and input factors, summarized in Figure 2. The contextual factors include: (i) 
at the macro-level institutional regimes, (ii) at the meso-level sectors and occupations, and (iii) 
at the organizational micro-level historically grown labor-management power relations, man-
agerial conceptions of skills, and organizational capabilities. With regard to input factors rele-
vant in the automation processes, four groups can be distinguished: type of technology used for 
automation, managerial strategies in the specific automation process, labor participation, and 
organizational routines and roles.

The analysis clearly reveals that the relationship between automation and work outcomes is 
mediated by a number of factors, and the thesis of universal trends regarding deskilling or up-
skilling or towards increasing or decreasing task complexity and workload cannot be confirmed 
(see also Vereycken et al., 2024).
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Figure 2: Factors influencing the impact of automation at work

With regard to research question 2, the analysis shows that there are certain similarities, but 
also clear differences between the qualitative research analyzed here and quantitative analyses 
of automation of work. There are similarities with regard to contextual factors, where qualitative 
research confirms some of the findings of quantitative analyses, in particular the importance 
of sector and occupation. Sectors and occupational groups in which qualitative studies tend to 
report increasing task complexity and upskilling are: professionals in general, and finance and 
professional services as specific sectors. In contrast, a reduction in task complexity and deskill-
ing tends to be reported in the logistics and retail sectors, as well as for clerical workers and 
sales and services workers. If we regard these latter occupations as classic white-collar middle 
classes, the findings of the qualitative studies reverberate with the polarization argument due to 
automation effects made in quantitative research (Goos et al., 2009). These middle occupational 
segments could be most affected by the negative consequences of automation.

Clear differences between qualitative and quantitative research become apparent when ana-
lyzing input factors in automation processes. Quantitative studies ignore the particularities of 
technologies, managerial strategies, labor involvement, and organizational routines; whereas, 
qualitative studies show them to be decisive for the outcomes of automation in the workplace.
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An important conclusion to be drawn here is that concepts from both the field of labor stud-
ies and the field of STS offer important contributions and should be combined more closely 
in future research. In labor studies, and especially in the tradition of labor process theory, it is 
common to assign a central role to labor agency, with a particular focus on the organizational 
power and resistance of labor against managerial strategies. At a general level, the present anal-
ysis confirms the emphasis on the importance of labor. The involvement of labor proves to be a 
central factor that reduces negative employment and workload effects in automation process-
es and, ultimately, promotes upskilling. However, this factor cannot be reduced to resistance 
alone. A number of qualitative studies describe the active involvement of workers in shaping 
automation as a factor that leads to positive effects of automation on work (Ågnes, 2022; Becker 
& Hoyer, 2024; Cheon et al., 2022; Grønsund & Aanestad, 2020; Van Den Broek et al., 2022). A 
core question is at what point in time in the implementation of automation the labor involve-
ment takes place (Vereycken et al., 2024). Two studies have addressed the role of collective inter-
est representation, but only emphasized the negotiation and compromise processes involved 
(Doellgast et al., 2023; Lloyd & Payne, 2021). Resistance to automation has been a topic primarily 
examined in STS studies and thus discussed not in the context of management-labor power re-
lations but rather in the persistence of organizational roles and routines in the face of technical 
change (Viktorelius et al., 2021).

Another factor emphasized by studies in the context of labor process theory is managerial strat-
egies (Thompson & Laaser, 2021). Despite the emphasis on this factor, however, research largely 
lacks concepts that help distinguish between different managerial strategies in the use of tech-
nology in the workplace (Vidal, 2022). An important contribution of the present literature review 
has therefore been to distinguish between different dimensions of managerial strategies iden-
tified in empirical research: Work outcomes of automation differ significantly depending on (1) 
whether management automates individual tasks in isolation or undertakes the reengineering 
of entire processes (Amaya & Holweg, 2024; Cagliano et al., 2019); (2) whether there is a pure 
focus on efficiency or whether other goals of automation are also taken into account (Berkers 
et al., 2023); (3) whether technology is used as a collaborator of human workers or specifically 
as a competitor (Barker & Jewitt, 2022; Dornelles et al., 2023); and (4) what strategy manage-
ment pursues when involving actors in automation processes (Vereycken et al., 2024). These 
dimensions of management strategies have been identified inductively in existing empirical re-
search—a more systematic framework is still to be developed (research question 3). This frame-
work should also consider the role of technologies and the organizational routines beyond the 
labor-management conflict, a field in which labor studies can learn from STS (Howcroft & Tay-
lor, 2023). More systematic research is also needed regarding the determinants of managerial 
strategies. The empirical studies included in this review point to labor-management power re-
lations, managerial conceptions of skills and organizational capabilities; however, they consider 
each of these factors individually and do not undertake a systematic exploration of determi-
nants of automation strategies.
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Studies in the STS tradition tend to focus on technologies and their negotiation in the context of 
given organizational routines and roles. Interestingly, the present literature review shows that 
only a few technologies show clear patterns regarding work outcomes: RPA as a very narrow 
automation technology leads to the automation of repetitive data processing tasks, while the 
work content tends to experience an increase in complexity and skill requirements. The other 
technologies discussed in the literature, on the other hand, have very different effects on work, 
depending on the organizational context.

Core concepts for analyzing the organizational context are informal organizational routines 
(Lammi, 2021) and how professional groups understand their roles (Korhonen et al., 2020; Vik-
torelius et al., 2021), especially if these professional groups occupy a strong position in the or-
ganization due to their expertise and ability to mobilize. Automation processes set in motion a 
renegotiation of roles, which can also lead to competition between groups (Andreassen, 2020). 
The tensions between automation and organizational routines and roles can have unintend-
ed consequences—a topic that has so far only been addressed by a few studies and represents 
a significant research gap (Amaya & Holweg, 2024; Korhonen et al., 2020; Papagiannidis et al., 
2023; Wright, 2019). Several studies mention unexpected problems of automation as central 
factors that led its association with increasing workload and stress (Körner et al., 2019; Kou-
routzas & Palamari, 2025; Papagiannidis et al., 2023). The significance of such automation fail-
ures has been underestimated in research to date, and systematic investigation of them is still 
pending. STS would benefit from adopting a more precise focus on management strategies and 
management-labor conflicts from labor studies. When it comes to automation failures, the de-
cisions made by management regarding specific approaches to automation play a major role.

Finally, it should be noted that quantitative analyses can also benefit from the findings of qual-
itative research. The first important point is that it makes very little sense to view technology 
as a homogeneous entity and measure it using a single variable (e.g., robots or financial indi-
cators for investments in equipment or IT). There are surveys that distinguish between differ-
ent types of technologies (Arntz et al., 2025), and such surveys should be developed further and 
used more widely. Second, it makes sense to consider whether variables can be developed that 
measure types of management strategies and types of labor involvement more accurately and 
thus provide greater insight into organizational processes. The most difficult aspect, and one 
that is virtually impossible to achieve in quantitative studies, is the consideration of informal 
organizational processes, negotiations, and conflicts at the shop floor level. For this reason, the 
combination of qualitative and quantitative analyses will continue to be central to understand-
ing the automation of work.
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